Identification of novel photosynthetic proteins is important for understanding and improving photosynthetic 1 2 efficiency. Synergistically, genomic context such as genome neighborhood can provide additional useful 1 3 information to identify the photosynthetic proteins. We, therefore, expected that applying the computational 1 4 approach, particularly machine learning (ML) with the genome neighborhood-based feature should facilitate the 1 5 photosynthetic function assignment. Our results revealed a functional relationship between photosynthetic genes 1 6 and their genomic neighbors, indicating the possibility to assign functions from their genome neighborhood 1 7
Introduction 3 0
Photosynthesis is a multistep process comprising solar energy harvest, excitation energy transfer, 2 3 7 struggle with high-dimensional class-imbalanced data (Blagus and Lusa, 2013) . Our result suggests that RF is 2 3 8 the most suitable approach to deal with high-dimensional class-imbalanced data without any boosting method. In order to make the model more robust and reduce the chance of overfitting, GainRatio and PCA were 2 4 0 applied to select optimal feature subset and reduce feature dimension, respectively, in the RF model. The result 2 4 1 shows that the prediction performance of RF was slightly improved when the feature selection methods were 2 4 2 applied ( Figure S3 ). The improvement was observed when the number of selected features was at least 2,000. Decreasing the number of features below 100 features lowers performance, which might be the result of the loss 2 4 4 of important information. The features that were selected for the model tree were considered important for 2 4 5 photosynthesis. Although three E-value criteria were applied for protein clustering features, the most 2 4 6 informative criterion was 1E-10 as indicated by the number of selected features (58%) as shown in Table 2 . However, to achieve the highest performance, the three E-value criteria were combined. The importance of such 2 4 8 combination was emphasized by rebuilding the model using features from single E-value criterion and their 2 4 9 different combinations and comparing the F1 measures of the models (Table S4 ). The maximum performance 2 5 0 was observed when all three E-value criteria were combined, which confirms our hypothesis that the three E-2 5 1 8 value criteria support each other, thereby enabling a better photosynthesis function classification. Although the 2 5 2 E-value criterion of 1E-10 mainly contributed to the prediction performance, the lower E-values (1E-50 and 1E-2 5 3 100) are likely necessary for deeper function classification. After PCA was applied with 95% of the variance, 2 5 4 the total number of features dropped to 301 features. The model performance was observed and compared to 2 5 5 other methods as shown in the next section. The prediction performance of our genome neighborhood-based model (PhotoMod) was compared 2 5 8 with those of the basic sequence similarity approach, Blastp, and advanced machine learning approach, 2 5 9 SCMPSP. The performance of three methods was shown by using 5-folds cross-validation replicated 10 times 2 6 0 and independent test set ( Table 3 ). The accuracy score indicates overall correct prediction, while F1 minor is 2 6 1 used to describe the correctness of the minor class (photosynthetic class). MCC is used to evaluate the overall 2 6 2 model correctness in regard to its robustness to an imbalanced dataset. Blast methods achieved accuracy, F1 respectively. Notice that there was no significant difference observed between both sequence-based methods. PhotoMod overcame both methods and achieved accuracy, F1 minor and MCC up to 0.941, 0.892 and 0.852, 2 6 6 respectively. Also, a high score of F1 minor and MCC indicates that our model does not suffer from the 2 6 7 imbalanced dataset. The goodness of the PhotoMod was shown by predicting recently identified novel photosynthetic proteins and were collected from the literature. These photosynthetic proteins were recently reported and had never been 2 7 3 deposited in any database (Table S6 ). To measure false positive error, we also included non-photosynthetic 2 7 4 proteins. The non-photosynthetic dataset was collected from the recently reported prokaryotic protein sequences 2 7 5 that contain no photosynthetic GO term label (as described in the method section), which were obtained from 2 7 6 UniprotKB (in 2018). The protein sequences were clustered to reduce sequence redundancy to lower than 25%. In total, only 111 non-photosynthetic protein sequences passed this criterion. The performance of the present model was compared to the other functional prediction tools that rely 2 7 9 on amino sequence property. To enable a fair comparison, protein sequences were used as input for all 2 8 0 prediction tools. In our case, the sequences were blasted against the protein database retrieved from the 154 2 8 1 proteomes. The matched sequences were used to call genome neighborhood profiles and make a prediction. A 2 8 2 prediction class was assigned by the majority vote. The prediction performance of our model was compared with that of other prediction tools including Blastp, SCMPSP, DeepGO, and SVMprot under optimal conditions 2 8 4 (E-value or confidence score) (Table S7) . Only three of 12 novel photosynthetic proteins could be assigned photosynthetic function by Blastp 2 8 6 (Table 4 ). F1 minor (0.188) and MCC (0.078) showed that the overall performance of this method was 2 8 7 inefficient in the prediction of photosynthesis class. However, the false positive of this method was very low, 2 8 8 9 resulting in a high accuracy score (0.789). On the other hand, SVMprot predicted six proteins correctly as 2 8 9 photosynthetic proteins and allowed higher false-positive error compared to that of Blastp. Thus, the precision 2 9 0 of this method (0.140) was lower than the Blastp approach, but the overall performance was better (MCC = 2 9 1 0.104). We found that DeepGO could not be compared, because no GO term related to photosynthesis was 2 9 2 observed. SCMPSP performed worst compared to the other methods (MCC = -0.042). Only three of 12 2 9 3 photosynthetic proteins were correctly predicted, while the F1 minor was only 0.120. PhotoMod showed a better 2 9 4 predictive performance in terms of both F1 minor (0.300) and MCC score (0.214). Interestingly, the model SVMprot and Blastp (Table S8 ). The incorrect prediction results from PhotoMod were investigated further and found to be in large 2 9 8 diverse GNNs (Figure 3 ). The high node variety in the three GNNs indicates that the query proteins may contribute to several pathways. The reason might be that those proteins contain 1) multiple domains, which can domain, which acts as sensor kinase in the signal transduction cascade (Zhao, et al., 2015) . DpxA contains one three GAF domains that act as photoreceptor (Bussell and Kehoe, 2013) . These domains are commonly found in 3 0 5 the non-photosynthetic function, as predicted by sequence-similarity based methods, and likely contributed to More than 50% of protein-coding genes in the genome of the model photosynthetic organism, Synechocystis sp. PCC 6803, is unknown. We applied our platform to seek for photosynthetic related genes in this organism, using 3 1 0 the unknown protein sequences as input. Of the 1,885 unknown protein-coding genes, 479 sequences (~26%) 3 1 1 were found to be involved in photosynthesis (Table S9 ) and were validated using the information obtained from 3 1 2 the literature. For example, the gene operon, slr0149, slr0148, slr0147 and slr0146 that were predicted to be 3 1 3 related to photosynthesis, have been shown to be involved in the assembly of Photosystem II in cyanobacterium 3 1 4
Synechocystis 6803 (Wegener, et al., 2008) . Interestingly, it was observed that these gene set are conserved, and We showed that using phylogenetic distance criteria to assign protein function from gene neighborhood yields a 3 1 8 high-sensitivity result, though the precision was very low. This particular event was also observed in the relaxed 3 1 9 condition of gene cluster detection for functional classification (Ling, et al., 2009 ). It has been also shown that 3 2 0 ML efficiently assigns protein function (Yu, et al., 2018) and predicts the gene cluster that holds functional coupling (Chuang, et al., 2012) . In this study, we applied the ML approach with gene neighborhood-based 3 2 2 feature to facilitate the photosynthetic function assignment. The ML algorithms worked well with our feature 3 2 3 extraction scheme, and the high classification performance of all classifiers indicates the feature merit. High-dimensional data was observed after extracting genome neighborhood information. The RF 3 2 5 algorithm showed the highest performance, although SVM and BN have been more popular for high-3 2 6 dimensional data such as microarray classification (Shi, et al., 2010) and text classification (Medhat, et al., 3 2 7 2014). Interaction between attributes and the combination of tree predictors might be the key advantages of RF 3 2 8 over other algorithms. It has been shown that RF performs well in the studies of interactions between genetic 3 2 9 loci (Cordell, 2009; Moore, et al., 2010) . Although RF classifier handles high-dimensional data well, redundant 3 3 0 and useless attributes can cause time wastage for both training and testing processes. In this study, GainRatio, a 3 3 1 feature selection method, was employed, although it ignores feature dependencies and interaction with the 3 3 2 classifier. Nevertheless, it benefits from improved computational efficiency, enabling high-dimensional dataset We demonstrated that our model outperforms the sequence-based methods. Basically, the sequence- photosynthesis is a complex system consisting of many different proteins, therefore broad sequence property can 3 3 7 cause low precision. Only three of 12 novel proteins could be correctly assigned photosynthetic function by Blastp, which comes as no surprise considering the difficulty of assigning photosynthetic function by sequence-3 3 9 similarity search (Ashkenazi, et al., 2012) . We found that DeepGO could not predict any GO term that is related
to photosynthesis, suggesting that DeepGO is not efficient for specific functions, e.g. photosynthesis, because it 3 4 1 has been trained by a large number of GO terms. Also, it is reportedly not suited for predicting specific protein 3 4 2 functions in a biological process (Kulmanov, et al., 2018) . SCMPSP was shown previously that its performance 3 4 3 was better than Blast method and comparable to the ML approach (Vasylenko, et al., 2015) . However, in this 3 4 4 study, we found that SCMPSP performed inefficiently and even worse than the Blast method. We suspect that our PhotoMod combines sequence property and GNN as learning features to achieve a higher precision result. This result might indicate that photosynthetic function is governed by genomic constraints in addition to amino 3 4 9 acid property. Nevertheless, the source of false-negative of the present method is from the diverse patterns of the 3 5 0 GNN profile. This problem was also observed in the classification of heterogeneous data on the complex disease 3 5 1 (Li, et al., 2018; Urbanowicz, et al., 2013) . One way to deal with this problem is to reduce the number of 3 5 2 patterns using the clustering algorithm before ML step (Li, et al., 2018) . Limitations of our approach should be also mentioned. First, it works well with only prokaryote 
